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Abstract: How does early life rainfall impact later life human capital 
outcomes in Bangladesh? This paper examines the effect of exogenous 
rainfall shocks in early-life on health, wealth and education outcomes of 
Bangladeshi women born between 1952-1988. I link historical rainfall for 
each woman’s birth year and Demographic and Health Survey (DHS) cluster 
of birth with current outcomes from the 1999/2000, 2004 and 2007 survey 
rounds of the DHS.  This study finds that rural women with 20% higher than 
mean rainfall in their year and cluster of birth are on average 0.24 cm taller 
and score 0.053 higher on a wealth index (1-5).  I find that 20% higher than 
mean rainfall in the two seasons prior to birth leads to women attaining 0.097 
more years of education.  I find excess rainfall has a negative impact on 
height and education for women born in urban areas, but I give this result 
less attention due to the low number of observations of women born in 










The natural environment is a main determinant of income for a large proportion of rural households 
in many developing countries.  Due to this strong link with the environment what may seem 
relatively short term or transitory environmental shocks such as flooding, drought, or typhoons can 
have long lasting impacts to households through reductions of rural incomes.  This can be especially 
important for households with expectant mothers or young children as nutrition in these early stages 
of life can have long lasting implications for human capital.  A growing body of economic literature 
on the impact of the environment in early life has recently emerged by borrowing a theory from 
epidemiology, the fetal origins hypothesis.  This hypothesis, largely associated with David Barker 
(1995), states simply that nutrition shocks to an infant’s development in-utero could have long 
lasting and even latent disease outcomes (Almond and Currie, 2011).  In practice the fetal origins 
hypothesis is extended to include the first two years of life in what is called critical period 
programming.   In this study I focus on rainfall that occurs in early life and analyze how sensitive 
individual women in Bangladesh are to the environment in the very earliest stage of life. 
I use information found in the Demographic and Health Survey (DHS) on an individual 
woman’s birth year and birth month and infer their location of birth by choosing only non-migrants 
for the sample.  Men are excluded from the study due the composition of the DHS survey focusing 
on women’s and children’s outcomes.  I also use monthly rainfall and temperature data coded to 
each DHS cluster from the University of East Anglia Climatic Research Unit.   For individuals in 
rural settings, rainfall variation across time and space should create variation in agricultural output 
and thus rural incomes should vary.  Rainfall and temperature variation could also directly impact 
early life disease conditions.  I examine the impact of early life rainfall and temperature on adult 
human capital outcomes: health, wealth, and education observed in DHS survey rounds taken in 
survey years 1999/2000, 2004 and 2007.  Although I do not have historical crop yield and household 
income data, existing literature gives an idea of how rainfall and temperature impacts crop yields in 
Bangladesh.   
I find evidence that more rainfall in a woman’s first year of life (an individual’s season of birth 
and the succeeding season) increases her later life wealth outcomes and height outcomes in rural 
areas.  I also find that increased rainfall in the two seasons prior to birth lead to increases in years of 
education.  Thus I suggest that since local rainfall and agricultural output positively co-varies in the 
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context of Bangladesh increased rainfall increases agricultural output and thus rural incomes thereby 
improving the birth environment of a female baby.  The influence of rainfall is not as clear in urban 
areas.  I find that excess rainfall in the first year of life in town and urban areas leads to women 
being on average shorter.  Excess rainfall in the two seasons prior to birth also leads to women born 
in urban areas to be on average being less educated.  I provide a plausible reason in the context of 
Bangladesh regarding the disease environment that could be driving these divergent results.  I focus 
most of my attention on the rural outcomes because of the lower number of observations of women 
born in urban areas. 
The remainder of this paper is organized as follows.  Section 2 is a review of relevant literature.  
Section 3 provides a conceptual framework. Section 4 describes how rainfall and temperature 
impacts agricultural output and disease outcomes in Bangladesh.  Section 5 describes the data used 
in the analysis and how the sample was formed.  Section 6 provides the empirical model and 
describes the main results with checks for selection.  Section 7 concludes. 
 
2. Literature  
 
Recent studies have shown a strong relationship between early life environmental shocks and later 
life outcomes (Maccini and Yang (2009), Almond and Currie (2011)).  Merging the fetal origins 
hypothesis with well-identified event studies has allowed economists to examine the impact of in-
utero and early life nutrition shocks on later life outcomes.  Chen and Zhou (2007) attempt to 
quantify the long run impact of children in-utero during China’s 1959 famine.  They estimate that, 
on average, without the famine individuals in-utero during 1959 would have otherwise grown 3.03 
cm taller in adulthood.  They also find that in the 1959 cohort on average the annual per-capita 
agrarian income decreases by around 2% if the excess death rate which they use as a proxy for 
famine intensity increases by 1 person per thousand.  However, using famine as impact variable for 
later life outcomes provides the possibility of selection bias.  Stanner et al. (1997) examine the 
impact of the siege of Leningrad on later life outcomes and find no statistical impact.  They posit 
however that this could be due to the high mortality in the time period meaning that only the very 
healthy survived, thereby biasing the results.  
 Shocks that have less of a direct and dramatic impact on in-utero nutrition as does famine in 
early life have been shown nonetheless to have strong implications for later life outcomes.  Almond 
and Mazumder (2011) estimate the impact of maternal fasting during Ramadan on children in-utero.  
Doing this analysis for Uganda and Iraq they find that cohorts who were impacted by maternal 
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fasting in-utero are 22 percent more likely to be disabled as adults.  McEniry and Palloni (2010) use 
the seasonality of the sugarcane harvests in Puerto Rico to examine the impact of in-utero exposure 
to the “hungry season” on heart disease outcomes for rural population cohorts born in the late 
1920’s to the early 1940’s.  They find that those fetuses exposed to “hungry season” conditions in 
their last trimester before birth had a 23% higher incidence of heart disease in later life.  Economists 
looking at later life outcomes have also examined natural disasters and environmental shocks in early 
life.  Simeonova (2011) studies the effect of natural disasters on pregnancy outcomes using historical 
data from the United States.  She finds that maternal exposure to exogenous weather shocks 
increases the probability of low birth weight infants as well as negative health outcomes later in life. 
She also finds maternal exposure to shocks induce the strongest negative impacts during the second 
and early third trimesters of pregnancy.  That finding, along with the results of McEniry and Palloni 
(2010), provide empirical evidence for recent medical studies that show the late 2nd to early 3rd 
trimester of pregnancy are the most susceptible to negative environmental influences.   
 In a developing context and looking at human capital development, Shah and Millett-
Steinberg (2013) determine exposure to drought in-utero reduces test scores among Indian children 
of school age regardless of parental socioeconomic status.  Among their findings they find that 
exposure to drought in-utero is associated with a 2.6 percentage point reduction in likelihood to 
recognize a number from one to ten from a baseline of 53.9 percent.  They attribute a possible 
mechanism for this result that children impacted by drought in-utero are less healthy thus less likely 
to enroll in school.  Similarly studying drought shocks in India, Pathania (2007) examines the link 
between drought exposure in early life and later life height outcomes.  He finds that drought 
characterized as a shortfall in rainfall of 20 percent in the year prior to a woman’s birth does not 
hold a statistically significant impact on woman’s height if the entire nationally representative sample 
is used.  If the sample is restricted to areas dependent on rainfall for irrigation however birth in a 
year after a drought is associated with a 0.33 cm reduction in height.   
 Maccini and Yang (2009) find a similar result as they examine the effect of rainfall in early 
life on health, education and socioeconomic outcomes in Indonesia for adults born between 1953-
1974.  They find that 20% higher rainfall during the birth year of an Indonesian woman leads an 
increase of 0.54 cm in woman’s height and 0.22 more years of schooling.  The impact of 20% higher 
rainfall also has an increased coefficient on an asset index that is statistically different from zero at 
the 5% level.  Maccini and Yang’s (2009) results also describe that this strong impact does not hold 
for men implying that on the margin additional income, due to successful crops from additional 
rainfall, is allocated to daughters in the household who might otherwise be under-invested in. This 
hypothesis of a gender bias is a very strong result that has been found in a variety of different 
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contexts in developing countries.  Their explanation for the mechanism of these results is that 
increased rainfall has a positive impact on agricultural income, and therefore betters health for infant 
girls leading to better later life outcomes as women.  Maccini and Yang’s paper also finds that the 
impact is most strongly apparent in the first year of an infant’s life and not in-utero. This is 
consistent with the gender bias hypothesis because in rural Indonesia lacks the technology that could 
determine a child’s sex prior to birth so sex discrimination cannot take place until after birth.   
 
3. Conceptual Framework 
 
Following the empirical work of Maccini and Yang (2009) I look at the now standard health 
production function developed by Grossman (1972).  Grossman’s model views health as a durable 
capital stock whose output is time healthy.  There is some initial endowment of health that 
depreciates with age.  Formally, the model considers health in period 𝑡 to be a function of an 
individual’s initial health endowment 𝐻!, time invariant variables such as gender and age  𝑋, health 
inputs 𝑁!,𝑁!,… ,𝑁! community elements such as infrastructure (𝐶!,𝐶!,… ,𝐶!) and the disease 
environment an individual faces 𝐷!,𝐷!,… ,𝐷! : 
            (1)                 𝐻! = ℎ(𝐻!,𝑋,𝑁!,𝑁!,… ,𝑁!,,𝐶!,𝐶!,… ,𝐶! ,𝐷!,𝐷!,… ,𝐷!) 
The focus of this paper is to examine the impact that the environment can have in determining the 
initial health endowment of women in Bangladesh 𝐻!.  Based on this conceptual framework I posit 
that rainfall can impact a child’s nutritional status in early life through two main channels.  The first 
would be through realizations in consumption and income arising from deviation in agricultural 
outcomes. This would be in line with findings from Maccini and Yang (2009) and Pathinia (2007).  
The second main channel that rainfall could influence nutritional status is through the disease 
environment.  Jacoby, Tiwari and Skoufias (2013) test how the competing disease and rural income 
factors arising from rainfall impacted children’s anthropometrics in Nepal finding that the positive 
income impact of excess rainfall in rural areas overwhelms the negative disease impact.  In particular 
Jacoby, Tiwari and Skoufias (2013) rely on the assumption that current monsoon rainfall influences 
the disease environment immediately and the income effect from rainfall arises after the crop is 
harvested, thus giving a lagged income effect. 
This paper suffers from the same risks of sample selectivity based on early life rainfall as 
Maccini and Yang (2009) and Shah and Steinberg (2013).  The issue lies in the fact that in order to 
appear in the sample as a woman in Bangladesh you must still be alive in the year of the respective 
DHS survey, either 1999/2000, 2004, or 2007.  So early life rainfall could effect the likelihood of 
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survival through these years, not only that, but due to constraints of our data, I am only able to 
include non-migrants in our sample.  This further increases a risk of sample sensitivity as rainfall in 
early life may affect the probability that a woman may migrate in her lifetime.  For example, if early 
life rainfall increases a woman’s human capital and allows her to attain additional years of education, 
the increased education will improve her probability of moving to an urban area and thus out of our 
sample.  In order to test for a sample selection bias problem I run a regression on the number of 
people born in a given district, year and season on the rainfall and temperature variables used in our 
main analysis.  
 
4. Rainfall, Agricultural Output and Disease in Bangladesh 
 
Rainfall is a main determinant of agricultural output in Bangladesh.  Bangladesh lies in the basin of 
the Ganges, Bramaputra and Megna rivers.  70% of its land is used for agricultural production.  The 
climate in Bangladesh is marked by a marked temporal variation of rainfall in which there is “too 
little rainfall during the dry season leading to drought and too much water during the monsoon 
leading to flood” (Ahmad et al. 1994).    Bangladesh has three main rice growing seasons; Aus - 
short duration early monsoon rice that is sown in March and harvested in May, Aman - long 
duration monsoon rice sown after the Aus harvest and harvested in November to December, and 
Boro - irrigated rice grown during the dry season.  In this study I focus on rainfalls impact on the 
Aman and Aus seasons as they are both rain-fed and both crops were widely grown during the early 
lives of the women in our sample.  The irrigated growing of Boro rice, on the other hand, was not 
widespread until the mid 1980’s and is not heavily influenced by local rainfall.  Evidence from data 
from 1972-2009 indicates that local rainfall and maximum temperature positively co-varies with both 
Aman and Aus rice output.  (Sarker, Alam & Gow, 2012)  Timing of rainfall is of particular 
importance for the Aman rice season with rainfall at the early stage of the Aman rice season being 
negatively correlated with output. However, during the growing season local rainfall is positively 
correlated. (Rahman, Haque & Salam, 2004).  
Bangladesh has a unique low-lying topography.  Flooding in Bangladesh is an annual event 
with around 20% of the country becoming inundated every year; much of the country depends on 
this annual flooding for crop production (Alam et al, 2011.)  Although some flooding is needed for 
agricultural production, flooding is often associated with an altering of the surrounding diarrheal 
disease environment, namely cholera and typhoid. (Jacoby et al., 2013; Confalonieri et al., 2007; 
WHO, 2002)   This is of particular importance to urban areas with poor sanitation and bad drainage, 
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as well as areas protected from river embankments that prevent water flow back into the river.  
Goudet et al. (2011) find that flooding is a main determinant of malnutrition in the slums of Dhaka.  
Emch et al. (2013) find that increases in days of heavy rainfall are associated with an increase in 
childhood daily diarrhea cases by around 2% in Matlab, Bangladesh.  In an urban context examining 
Dhaka hospital visits Hashizume et al. (2007) find that non-cholera related diarrhea cases per week 
increase by 5.2% for every 10mm increase above the average of 52 mm of rainfall for lags of 0-8 
weeks.  Establishing the strong link between rural livelihoods and environment a survey of 2000 
households, Santos et al. (2011) document that the poor in Bangladesh report that they are least able 
to cope with climate shocks as opposed to economic or health shocks.  The respondents indicated 
that climactic shocks were always accompanied with either a shock to income or a shock to health or 
both. 
5. Data Sources and Sample Composition 
5.1 USAID DHS Data 
The sample for the analyses consists of 4,691 women born between 1952 and 1988 from DHS 
surveys fielded in 1999/2000, 2004 and 2007.  Figure 1 shows the locations of these DHS clusters in 
the 64 districts of Bangladesh.  
Figure 1. Location of DHS clusters in 64 Districts of Bangladesh 
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The sample consists of 3,277 women born in rural areas who were most specifically looked 
at because rainfall and temperature should have a strong effect on rural areas dependent on the 
natural environment for income.  The sample also consists of 855 observations of women born in 
town areas, and 559 women born in urban areas.  I find evidence of increased rainfall having a 
negative impact on height for women born in urban areas.  The sample is restricted by the questions 
asked in the DHS survey.  The survey has no explicit question about the birth village or even birth 
district of a woman.  Therefore in order to infer this information I use women who responded that 
they have never moved from the area in which they were surveyed.  This means that I am not 
capturing any women who have migrated away from their areas of birth in our sample.  
 Table 1 reports summary statistics for the outcome variables in the sample.  Mean height in 
this sample is 150 cm or 4.9 feet.  Mean years of education are 3.1 years with a standard deviation of 
3.9 years.  The wealth index measure that ranges from 1-5 ranging from “poorest” coded as 1 to 
“richest” coded as 5.  The women in the sample have a wealth index with a mean of 2.9 and a 
standard deviation of 1.4.  Mean age in the sample is 32 years of age.  The deviations of log rainfall 
in the woman’s birth year from the log district mean rainfall our main impact variable is -0.06 and 
has a standard deviation of 0.31.  For the full set of specific summary statistics for women born in 
rural, town and urban areas please appendix table 15. 
Table 1. Summary statistics women born between 1952-1988. 
Variables Mean Std. Dev. Min Max Num. Obs. 
Height (cm) 150.1 5.6 112.5 177.3 3942 
Wealth Index (1-5) 2.9 1.4 1 5 3256 
Years of Education 3.1 3.9 0 17 4856 
Age 32.5 8.8 19 50 4860 
Deviation of log rainfall from mean, year of birth -0.06 0.31 -1.91 1.03 4860 
 
5.2 Rainfall and Temperature data 
I use rainfall and temperature data coded to each DHS cluster from the Climatic Research 
Unit, University of East Anglia.  Data includes monthly rainfall, mean temperature, minimum 
temperature and maximum temperature for each DHS cluster from 1950-2008.  The sample is 
comprised of women born between 1952-1988.  Average monthly rainfall in each DHS cluster from 
the DHS rounds 1999/2000, 2004, 2007 is calculated by taking the average rainfall for each month 
from the time period 1950-2008.  When looking at the impact of early rainfall I calculate deviation 
of rainfall from the norm for a woman’s cluster.  That is the distance from mean rainfall for a given 
DHS cluster in a given month summed together for the rainfall window.  The rainfall windows are 
explained below.  For maximum, minimum and mean temperature controls I take the maximum or 
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minimum and mean temperature respectively recorded in the DHS cluster during the specified 
window.   
5.3 Rainfall Windows 
In order to examine the impact of rainfall in Bangladesh I must create windows that correspond to 
Bangladesh’s agricultural seasons. There are two main agricultural seasons in Bangladesh the rabi 
(dry season) and kharif (rain season) (Alauddin & Sharma, 2013).  Using this definition I define the 
rain season as May to October corresponding to the annual monsoon and the Aman rice-growing 
season.  Thus I define the dry season as November to April.  I then construct rainfall years as 
follows for year 0 I add cumulative log distance from mean rainfall in the woman’s season of birth as 
well as the following season.  This way of splitting up the sample is similar to the method of Maccini 
and Yang (2009) and represents the agricultural calendar of Bangladesh as opposed to simply a 
calendar year rainfall window.  Figure 2 illustrates the seasonality of rainfall showing average rainfall 
in Bangladesh each month.  The bottom of Figure 2 demonstrates a hypothetical year 0 rainfall 
window for a woman born in August.  Since the woman is born in the rain season that rain season 
(May - October) along with the following dry season (November - April) create the woman’s year 0 
rainfall window. 







       







 Month Woman Born 
Rainfall Window Year 0 
Rain Season 
Rain Season Year 0 
Dry Season Year 0 
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6. Empirical Model and Results 
 
6.1 Empirical Model 
This analysis relies on the assumption that rainfall shocks in early life are exogenous, and 
that they impact later life outcomes through only the health environment in a woman’s early life.  I 
use a slight variation of the empirical model used in Maccini and Yang (2009) adding in temperature 
controls and estimating the following linear relationship between an adult woman’s outcome 𝑌!"#  of 
woman i born in cluster c and in year t: 
(2)                              𝑌!"# = 𝛽𝑅!" + 𝛼𝑇!" + 𝜇!" + 𝛾!"𝑇𝑅𝐸𝑁𝐷 + 𝛿!" + 𝜀!"#              
β is the coefficient of interest on the impact of birth year rainfall of early life 𝑅!" on an adult 
woman’s later life human capital outcomes.  α is the vector of coefficients on temperature controls 
namely mean, maximum and minimum temperature during each rainfall window in early life.   𝜇!" is 
fixed effect for being born in district 𝑗 during season 𝑠 (e.g., born in district X during rain season, 
born in district X during dry season).  𝛾!"𝑇𝑅𝐸𝑁𝐷 is a linear time trend that is specific to the birth 
season and district of the woman, this controls for linear trends in the outcome variables that vary 
depending on the season and district.    𝛿!" is a fixed effect for season and year of birth (e.g., born in 
rain season in 1972).  There is also a concern for serial and spatial correlation that would bias OLS 
standard errors downwards (Bertrand, Duflo and Mullinathan, 2004).   Thus I cluster standard errors 
by birth district (64 districts). 
 
6.2 Main Empirical Results 
 When describing magnitude of a rainfall shock I follow the relevant literature including 
Maccini and Yang (2009) and Pathinia (2007) using a coefficient of 0.2.  This corresponds to 20% 
more rainfall than the mean in the given time period in a corresponding DHS cluster.  Table 2 
shows the main results of this analysis namely how height in centimeters, wealth index and single 
years of education are impacted by log distance from mean rainfall in rural areas for year -1 (the two 
seasons prior to birth), year 0 (the season of birth and the following season) year 1 (the following 
two seasons after year 0).  I find that that 20% more rainfall in a DHS cluster in the year of birth 
(birth season and the following season) leads to rural women being on average 0.24 cm taller 
statistically different from zero at the 1% level.  I also find that 20% more rainfall in the year 0 also 
leads to women born in rural areas to score on average 0.053 points higher on a wealth index 
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statistically significant at the 5% level.  This finding is consistent with the results found by Maccini 
and Yang (2009) who find that rainfalls influence in the first year of a woman’s life is the most 
important for human capital outcomes.  Interestingly it is rainfall in year -1 or the two seasons prior 
to a woman’s birth season that impact single years of education.  20% more rainfall in the two 
seasons before birth leads to women to attend on average 0.097 more years of education.  
Table 2. Impact of Rainfall in years before and after birth on Height in cm. Wealth Index 
and Single Years of Education for Women born in Rural Areas 
 (1) (2) (3) 
VARIABLES Height in cm. Wealth Index Single Years of Education 
Coefficient based on 
rainfall in:    
Year -1 -0.195 -0.0744 0.484** 
 (0.438) (0.134) (0.237) 
Year 0 1.197*** 0.265** 0.108 
 (0.427) (0.116) (0.242) 
Year 1 -0.339 -0.0355 -0.229 
 (0.504) (0.126) (0.207) 
    
Observations 2,627 2,141 3,277 
R-squared 0.139 0.253 0.288 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
A plausible reason that rainfall prior to a child’s birth season influences later life educational 
outcomes could be that it is an in-utero effect. As rainfall in the two seasons prior to a woman’s 
birth season are likely to influence the circumstance of a rural household while the child is in utero 
through determining agricultural outcomes in that area. There is a substantial amount of literature 
linking certain micronutrient deficiencies in-utero to irreversible impacts to individual’s cognitive 
development throughout their entire life. (Nikolov, 2012)  This in utero impact is consistent with the 
findings from Shah and Stienberg (2013) from rural India that the in-utero rainfall is the most 
important for educational outcomes including children’s later scores on both reading and math tests 
as well as the probability of a child ever attending school. An in-utero effect on educational 
outcomes is also be consistent with the findings of Rosales (2013) who finds children exposed to El 
Nino flooding in Ecuador during the first trimester in-utero on average score lower on cognitive 
tests seven years later.  I find no significant or interesting coefficients on temperature controls of 
mean, maximum and minimum temperature during any of the periods for any of our outcome 
variables.  I posit that the positive impact on rainfall on women born in rural areas is plausibly be 
due to increased rural incomes induced by the increased rainfall as agricultural output and rainfall 
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co-varies, and that this income effect allows the rural household to better invest in their daughter’(s) 
nutrition and overwhelms any negative disease impact that may impact areas due to increased 
rainfall.   
6.3 Rural/Urban Results 
The following results test the impact of early life rainfall on women who are born in town 
and urban DHS clusters.  As I expect that if the mechanism causing the positive effects of early life 
rainfall in rural areas is improved agricultural incomes then this relationship should be lessened as 
sample changes to women born in areas less dependent on the natural environment. The results 
show a very interesting relationship between rainfall and later life outcomes in for women born in 
rural versus urban DHS clusters. Tables 3, 4 and 5 show the outcome variables height in 
centimeters, wealth index and single years of education respectively splitting the sample into rural, 
town, and urban areas.  I observe that the coefficient on rainfall impacting women’s height in 
centimeters decreases as the sample changes from rural to town to urban. The impact of 20% more 
than average rainfall in year 0 leads to women born in urban areas to be 0.51 cm. shorter statistically 
significant at the 10% level.  Years of education shows a similar pattern when you move from rural 
to urban the coefficient goes from positive to strongly negative based on rainfall in the two seasons 
before birth (year -1).  20% more rainfall in the two seasons preceding a woman’s birth season leads 
that woman on average to attain 0.75 years less schooling in urban areas.  This result is significant at 
the 1% level but is based on only 559 observations of women born in urban areas. 
                       Table 3. Height in Cm. Split between Rural/Urban 
 (1) (2) (3) 
VARIABLES Rural Town Urban 
Coefficient based on 
rainfall in:    
Year -1 -0.195 -1.795 -1.531 
 (0.438) (1.838) (1.794) 
Year 0 1.197*** -0.555 -2.569* 
 (0.427) (1.788) (1.374) 
Year 1 -0.339 -1.028 -0.298 
 (0.504) (1.355) (2.059) 
    
Observations 2,627 662 501 
R-squared 0.139 0.361 0.396 
    
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 




Table 4.  Wealth Index (1-5) Split between Rural/Urban 
 (1) (2) (3) 
VARIABLES Rural Town Urban 
Coefficient based on 
rainfall in:    
Year -1 -0.0744 0.509* -0.171 
 (0.134) (0.278) (0.282) 
Year 0 0.265** 0.425* 0.398 
 (0.116) (0.236) (0.289) 
Year 1 -0.0355 0.0789 -0.421 
 (0.126) (0.369) (0.454) 
    
Observations 2,141 514 448 
R-squared 0.253 0.652 0.579 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
 
Table 5. Single Years of Education split into Rural/Urban 
 (1) (2) (3) 
VARIABLES Rural Town Urban 
Coefficient based on 
rainfall in:    
Year -1 0.484** 0.775 -3.737*** 
 (0.237) (0.766) (1.138) 
Year 0 0.108 0.415 -2.176* 
 (0.242) (1.005) (1.138) 
Year 1 -0.229 -0.121 0.200 
 (0.207) (0.735) (1.357) 
    
Observations 3,277 855 559 
R-squared 0.288 0.412 0.453 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
One plausible reason for divergence in outcomes between rural and more urban women 
there could be an increased disease environment in urban areas that outweighs any income impact.  
The hypothesis that positive results for human capital outcomes in rural areas are the result of 
improved rural incomes is reliant on the assumption that variations in rainfall cause variation in rural 
incomes.  This may not be the case in urban areas, where individual incomes are less tied to the 
natural environment.  Therefore with any rainfall income effect minimized, rainfall may alter the 
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disease environment thereby negatively impacting the health of the women born in urban areas in 
times of excess rainfall.   If this disease effect were powerful enough to alter the health of urban 
women as it is suggested it could decrease the probability that urban women appear in the sample.  
Similarly if the positive income effect of the rainfall was strong enough to influence the survival of 
women in our sample it could bias the results downwards. 
 
 
6.4 Checking for Selection in Women’s outcomes 
  I test for selection by regressing the number of women that appear in my sample born in a 
district-season-year combination on early life rainfall using the same specification of fixed effects 
used in the main analysis.  The results of this regression are presented in Table 6 with column one 
reporting the results for number of rural woman born in a district season year combination who 
appear in our sample column two and column three being the number of women born in town and 
urban areas respectively.  This, as with the main analysis, includes only women who have indicated 
through the DHS questionnaire that they have never moved. 
Table 6. Impact of Rainfall Shock on Number of Individuals Appearing in the DHS survey 
    
 
(1) (2) (3) 
VARIABLES 
# of rural women 
born in year- 
district- season 
# of town women 
born in year- 
district- season 
# of urban women 
born in year- 
district- season 
Coefficient based on 
rainfall in: 
   Year-1 -0.00844 0.00113 0.000329 
 
(0.0285) (0.0151) (0.0119) 
Year 0 -0.126*** 0.000346 0.0246 
 
(0.0329) (0.0136) (0.0203) 
Year 1 -0.0548** -0.0291 0.0144 
 
(0.0266) (0.0214) (0.0196) 
    Observations 5,200 5,200 5,200 
R-squared 0.292 0.243 0.409 
Note. Regressions include District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses.  
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
I find that more rainfall in the year of birth (birth season and succeeding season) reduces the 
number of women that appear in the sample rural areas statistically different from zero at the 1% 
level.  I also find that excess rainfall in Year 1 or the two seasons after a rural woman’s year of birth 
reduces the number of women that appear in the sample in rural areas with a significance level of 
5%. This provides suggestive evidence that early life rainfall may influence migration behavior in 
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Bangladesh.  This is a possibility as if rainfall influences a woman’s human capital in early life it 
could influence how likely she is to migrate away from her place of birth.  In terms of magnitude if 
there is 20% more than mean rainfall in a district during a woman’s birth year it leads to 0.0252 less 
women appearing in the sample born in a district-season-year combination. 
 
6.5 Children’s outcomes:  
In order to account for the heterogeneous impact of rainfall between rural and urban areas 
on women’s later life outcomes, I look to the children’s recode of the DHS dataset.  Using this 
dataset allows us examine the impact of rainfall around the time of the DHS interviews on children’s 
health outcomes.  
Height for age and weight for age are standardized based on World Health Organization 
(WHO 2006) methodologies to create height-for-age and weight-for-age z-scores.  The WHO 
produces an international reference for children’s health indicators.  This international reference 
group has an expected mean z-score of zero. Z-scores below -2 indicate severe growth retardation 
or “stunting” in the case of height for age and acute malnutrition or underweight in the case of 
weight for age.  After eliminating biologically implausible z-score values, there are 14,072 children, 
6,954 female and 7,118 male children polled from the 2000, 2004, and 2007 DHS rounds for the 
analysis of weight-for-age and height-for-age.  The summary statistics for these z-scores is in table 7.  
Using this international standard indicates that 41% of children are malnourished and 48% of 
children are stunted in our sample.   
Table 7. Summary Statistics for children’s weight for age and height for age z-scores. 
Full Sample 
Variable Obs.   Mean Std. Dev. Min Max 
Weight for Age z-score 14072 -1.76 1.15 -5.94 4.65 
Height for Age z-score 14072 -1.89 1.41 -6 4.82 
Female 
Variable Obs. Mean Std. Dev. Min Max 
Weight for Age z-score 6954 -1.77 1.14 -5.75 3.71 
Height for Age z-score 6954 -1.88 1.39 -6 4.63 
Male 
Variable Obs. Mean Std. Dev. Min Max 
Weight for Age z-score 7118 -1.74 1.15 -5.94 4.65 
Height for Age z-score 7118 -1.90 1.42 -6 4.82 
 
In order to test the competing forces of the income effect and disease effect, I use the 
methodology of Jocaby, Skoufias & Tiwari (2013).  Weight-for-age is a measure of current health; to 
test disease impact I examine the effect of contemporaneous rainfall on children’s weight for age z-
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scores.  Deviation from mean rainfall in the month leading up to as well as the month of the 
interview is thought to have an influence in a child’s weight-for-age through the disease 
environment, since rainfall’s effect on rural incomes is realized through improved rice yields that 
impact a household after harvest.  However contemporaneous rainfall could impact rural 
households incomes by influencing the availability of work, especially during the planting season. 
(Jocaby, Soufias & Tiwari (2013)). 
  The specification for the children’s outcomes is similar to the empirical model used for the 
women’s outcomes in the previous section.  The impact variable, however, for the contemporaneous 
rainfall analysis is cumulative log distance from mean rainfall for the month prior to the interview 
and the interview month.  The model includes the controls used in the previous model along with 
fixed effects for interview month in order to account for variation in children’s weights for ages that 
comes from being interviewed in different times of year, age in months, gender and birth order of 
the child as investment in the nutrition of a child may change depending on the birth order of the 
child.   Table 8 shows the heterogeneous impact of contemporaneous rainfall on weight for age z 
score for children in rural to urban areas.   
 
Table 8. Impact of contemporaneous rainfall on weight for age Z-Score for Children 
 
(1) (2) (3) 
VARIABLES Rural Town Urban 
    Current Rainfall -0.0137 0.0292 -0.199** 
 
(0.0311) (0.0645) (0.0884) 
Mean Temp 0.215 -1.517 2.007 
 
(1.060) (3.378) (3.556) 
Max Temp -0.0538 0.840 -0.878 
 
(0.531) (1.724) (1.773) 
Min Temp -0.132 0.720 -1.071 
 
(0.533) (1.668) (1.803) 
    Observations 7,348 1,616 1,105 
R-squared 0.119 0.270 0.291 
Note. Regressions include District-Season FE, Season-Year FE, 
District- Season Linear Time Trend, Age FE, interview Month FE, birth order FE, standard errors 
clustered by district in parentheses.  
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
 This result shows the influence of rainfall in the month of interview and the month prior to 
interview on the weight for age z-score of children in the sample.  The contemporaneous influence 
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of rainfall on weight for age tests for a disease mechanism.  This provides evidence that in urban 
areas rainfall has a stronger influence on the disease environment than in rural areas.   In terms of 
magnitude the effect of a 20% increase in rainfall in the month of the interview and the month prior 
on urban children leads the child to score 0.039 standard deviations lower on a weight-for-age Z-
score when surveyed, significant at the 5 percent level.  This direction of coefficients in each of the 
subsamples is negative but the magnitude becomes greater in urban areas and significant only in the 
urban sample.  This provides suggestive evidence for a disease impact in urban areas overwhelming 
any income effects creating a possible explanation for the heterogeneity in treatment effects that 
occurs in the women’s later life outcomes section.  
 
7.  Conclusion 
 
 The lives of rural people in developing countries is inextricably linked to the natural 
environment.  Even as agriculture has become much more efficient in the past few decades with the 
onset of the green revolution, modern irrigation practices and high yield rice varieties, a large 
proportion of rural populations in Bangladesh and many other less developed countries still rely on 
agriculture determined by local rainfall.   The strong linkage of human capital outcomes and rural 
livelihoods to the natural environment leads to important problems for developing countries 
especially when regarding the projected impact of climate change.  Climate change is expected to 
change the course of the annual monsoon and increase its severity.  
The results of this paper suggest that the findings of rainfall in early life having a significant 
impact on later life human capital outcomes in rural Indonesia (Maccini and Yang, 2009) and rural 
India (Shah and Stienberg, 2013) are valid in the context of Bangladesh.  This paper also finds that 
in urban areas that increased rainfall has a negative impact on women’s height and education in later 
life.  I posit that this result could be due to rainfall influencing the disease environment.   As urban 
areas are not as dependent on the natural environment for their incomes, the disease prevalence 
impacts of increased rainfall may overwhelm any positive income impact.  This paper attempts to 
investigate the impact of contemporaneous rainfall on rural and urban children’s weight for age to 
test this disease mechanism hypothesis, finding that excess contemporaneous rainfall has a negative 
impact on the weight-for-age z-scores of children in urban areas.  Providing suggestive evidence to 
the claim that the disease effect of rainfall is felt more strongly in urban areas and is responsible to 
the heterogeneous influence of rainfall in rural to more urban areas. 
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The results of this paper have important implications for policy.  The findings show that 
infant girls in households in Bangladesh are vulnerable to the environmental fluctuations whether it 
is through an economic or disease effect.  This underscores the need for public health programs, 
insurance programs and social safety nets aimed at rural households who experience economic 
shocks.  The findings that early life environmental conditions can influence the human capital of 
women several decades later underscores the need to institute policies that shield infant children 
from negative shocks to the household as the influence of a temporary environmental or economic 
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Table 9. District level rainfall on non-migrants.  (Rural) 
 
(1) (2) (3) 
VARIABLES Height in Cm. 
Wealth 
Index Single Years of Education 
    Year-1 -0.197 -0.0115 0.641*** 
 
(0.372) (0.100) (0.184) 
Year 0 0.228 0.261** -0.0926 
 
(0.302) (0.102) (0.176) 
Year 1 -0.260 -0.121 -0.153 
 
(0.455) (0.122) (0.281) 
    Observations 2,627 2,141 3,277 
R-squared 0.137 0.243 0.291 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 




Table 10. District level rainfall on non-migrants. (Town) 
 
(1) (2) (3) 
VARIABLES 
Height in 
Cm. Wealth Index Single Years of Education 
    Year-1 -0.961 0.501* 1.156* 
 
(1.121) (0.252) (0.613) 
Year 0 0.488 0.000734 -0.132 
 
(1.172) (0.206) (0.697) 
Year 1 -1.074 -0.184 -0.124 
 
(1.072) (0.284) (0.800) 
    Observations 662 514 855 
R-squared 0.371 0.646 0.410 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
 
       Table 11.  District level rainfall on non-migrants. (Urban) 
 
(1) (2) (3) 
VARIABLES 
Height in 
Cm. Wealth Index Single Years of Education 
    Year-1 0.722 -0.158 -1.504** 
 
(0.788) (0.276) (0.629) 
Year 0 -1.099 0.367 0.197 
 
(0.945) (0.228) (0.489) 
Year 1 -0.397 -0.372* 0.654 
 
(1.110) (0.217) (0.597) 
    Observations 501 448 559 
R-squared 0.389 0.579 0.430 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 







District Level Rainfall On Migrants 
 
                   Table 12. District level rainfall on migrants (Rural) 
 






Single Years of 
Education 




      Year-1 -0.250 -0.0972** -0.111 0.0240 -0.214 
 
(0.192) (0.0425) (0.111) (0.215) (0.150) 
Year 0 0.228 -0.0732 -0.0675 -0.228 0.0488 
 
(0.162) (0.0460) (0.0999) (0.257) (0.144) 
Year 1 0.0648 0.0183 0.0684 0.246 0.166 
 
(0.189) (0.0394) (0.0973) (0.279) (0.155) 
      Observations 13,129 10,356 13,129 13,107 3,319 
R-squared 0.036 0.139 0.196 0.053 0.125 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
Table 13. District level rainfall on migrants (Town) 
 






Single Years of 
Education 




      Year-1 0.0876 -0.00492 0.107 0.879*** -0.250 
 
(0.299) (0.0589) (0.253) (0.292) (0.509) 
Year 0 0.124 -0.0337 -0.0584 0.0870 0.0660 
 
(0.295) (0.0796) (0.269) (0.451) (0.601) 
Year 1 -0.0861 -0.0754 0.275 0.422 -0.203 
 
(0.359) (0.0844) (0.316) (0.430) (0.377) 
      Observations 3,836 3,035 3,836 3,828 504 
R-squared 0.093 0.347 0.175 0.108 0.450 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1%) 
 
Table 14.  District level rainfall on migrants (Urban) 
 








Spouses Years of 
Education Age of Marriage 
      Year-1 0.131 0.127** -0.0175 0.0499 0.0481 
 
(0.213) (0.0610) (0.281) (0.277) (0.225) 
Year 0 0.0432 -0.0981 -0.363 -0.400 -0.515 
 
(0.450) (0.0831) (0.397) (0.426) (0.327) 
Year 1 0.171 -0.00411 -0.388* -0.0236 -0.277 
 
(0.263) (0.0588) (0.193) (0.266) (0.221) 
      Observations 3,119 2,877 3,119 3,116 967 
R-squared 0.079 0.354 0.161 0.082 0.133 
Note. Regressions include Temperature Controls, District-Season FE, Season-Year FE, 
District-Season Linear Time Trend, standard errors clustered by district in parentheses. 
(* significant at 10%; ** significant at 5%; *** significant at 1% 
 26 
 
Table 15. Summary Statistics split between Rural/Town/Urban 
Full Sample (Non Migrants) 
     Variables Mean Std. Dev. Min Max Num. Obs. 
Height (cm) 150.1 5.6 112.5 177.3 3942 
Wealth Index (1-5) 2.9 1.4 1 5 3256 
Single Years of Education 3.1 3.9 0 17 4856 
Age 32.5 8.8 19 50 4860 
Deviation of log rainfall from norm, 
year of birth -0.06 0.31 -1.91 1.03 4860 
      Rural (Non Migrants) 
     Variables Mean Std. Dev Min Max Num Obs 
Height (cm) 150.1 5.6 112.5 177.3 2701 
Wealth Index (1-5) 2.6 1.3 1 5 2216 
Single Years of Education 2.5 3.4 0 16 3359 
Age 32.8 8.9 19 50 3363 
Deviation of log rainfall from norm, 
year of birth -0.06 0.31 -1.91 1.03 3363 
      Urban (Non Migrants) 
     Variables Mean Std. Dev Min Max Num Obs 
Height (cm) 150.06 5.75 126.5 165.4 524 
Wealth Index (1-5) 3.68 1.36 1 5 472 
Single Years of Education 4.21 4.45 0 16 583 
Age 32.51 8.91 19 50 583 
Deviation of log rainfall from norm, 





    Town (Non Migrants) 
     Variables Mean Std. Dev Min Max Num Obs 
Height (cm) 150.26 5.89 112.90 170.2 717 
Wealth Index (1-5) 3.97 1.29 1.00 5 568 
Single Years of Education 4.54 4.73 0.00 17 914 
Age 31.87 8.73 19.00 50 914 
Deviation of log rainfall from norm, 















Table 16. Correlations between Rainfall at the cluster and District level 
 
 
Log Rainfall Avg Cluster Log Rainfall Avg District 
Log Rainfall Avg Cluster 1 
 Log Rainfall Avg District 0.9863 1 
   
   
 
Log Rainfall Cluster Log Rainfall District 
Log Rainfall Cluster 1 
 Log Rainfall District 0.9569 1 
   
   
 
Distance Cluster Distance District 
Distance Cluster 1 
 Distance District 0.8395 1 
 
   
   
 
Distance yr0 cluster Distance yr0 District 
Distance Year 0 Cluster 1 
 Distance Year 0 District 0.7095 1 
 
 
 
 
